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Abstract
Large multimodal models (LMMs) have demonstrated significant  success across various tasks but fall  short  on some basic visual  functions,
such  as  inaccurate  object  counting  and  imprecise  localization.  These  limitations  restrict  the  application  of  LMMs  in  broad  scenarios.  To
enhance  the  capabilities  of  LMMs,  we  propose  a  novel  method  to  patch  their  visual  perceptual  abilities  by  collaborating  with  small  task-
specific models. Our method begins with utilizing an LMM to decompose the user query into a series of visual functions. For each function,
the appropriate model, either the LMM itself or a small task-specific model, is invoked. To determine whether to patch the LMM with a small
task-specific model, we design a novel question-answering-based reinforcement learning strategy to optimize the decision process. Finally, the
LMM generates the answer utilizing the visual perceptual results. The proposed method is evaluated on two standard visual question-answering
datasets and two specialized datasets. The experimental results demonstrate that our method effectively enhances the visual abilities of LMMs.
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 ■ 1  Introduction
Recently,  advancements  in  large  multimodal  models  (LMMs)  [1,2]
have  yielded  remarkable  achievements  in  diverse  fields  such  as
visual  question  answering,  programming,  and  gameplay,  marking
progress toward artificial general intelligence (AGI). LMMs excel in
perception,  reasoning,  and  planning,  making  them adept  at  tracking
complex tasks, such as controlling robots and programming. Among
these abilities, visual perception plays a crucial role, akin to the role
of  the  eye  in  humans.  It  acts  as  a  foundational  skill,  providing
essential information for reasoning and planning.

Nevertheless, when focusing only on the visual ability of LMMs, it
is clear that they exhibit certain deficiencies, such as imprecise object
localization,  difficulty  in  accurate  counting,  and  inaccurate  text
recognition [3,4]. Despite the identification of a few shortcomings in
the  visual  ability  of  LMMs,  addressing  these  issues  is  quite
challenging  due  to  the  complex  training  processes  and  the  massive
data  used  by  LMMs.  Furthermore,  completely  resolving  all
limitations seems nearly impossible, as these shortcomings tend to be
identified sequentially during usage, suggesting a potentially endless
cycle of discovery and amendment.

To  overcome  these  deficiencies,  strategies  from  large  language
models (LLMs) can offer valuable insights. For instance, LLMs have

successfully  extended  their  functionalities  by  integrating  external
tools  or  models.  For  example,  Visual  ChatGPT  [5]  and  Toolformer
[6]  enhance  LLMs  by  integrating  external  tools  and  models.
However,  these  methods  differ  in  the  case  of  LMMs,  as  they
primarily  augment  capabilities  that  LLMs  lack,  whereas  LMMs
already possess strong visual abilities but may still perform poorly in
certain cases.

To  specifically  enhance  the  visual  capabilities  of  LMMs,  we
propose  a  novel  approach  that  patches  their  visual  ability  by
collaborating  with  small  task-specific  models.  This  strategy  allows
for the continuous improvement of the visual capabilities of LMMs,
addressing  deficiencies  in  a  targeted  and  efficient  manner.
Specifically, our method begins by utilizing an LMM to decompose
the user query into a series of visual functions. For each function, the
appropriate  model,  either  the  LMM  itself  or  a  small  task-specific
model,  as  a  patch,  is  invoked  via  a  model  selector.  Ultimately,  the
LMM generates  the  answer  utilizing  these  visual  perceptual  results.
Figure 1 illustrates  the  workflow  of  our  method.  In  this  procedure,
the  primary  challenge  lies  in  how  to  obtain  an  accurate  model
selector, which involves assessing the performance of both the LMM
and the smaller models and thus determining to choose a superior one
for  a  visual  function.  To address this,  we propose a  novel  question-
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answering-based  reinforcement  learning  strategy  for  optimizing  the
decision-making process.

To summarize, our main contributions are:

●  We  propose  a  novel  method  to  patch  the  visual  ability  of
LMMs by collaborating with small task-specific models.

● We  introduce  a  question-answering-based  reinforcement
learning strategy to train an effective model selector that can
determine whether to choose the large or small models based
on the task at hand.

●  The  evaluations  on  both  standard  and  specialized  datasets
demonstrate  that  our  method  can  significantly  improve  the
visual abilities of large multimodal models.

 ■ 2  Related work
LMMs have been widely studied in recent years, with many general-
purpose  models  designed  to  handle  a  broad  range  of  tasks.  These
models,  however,  often  face  limitations  in  specialized  visual
functions.  To address  these  challenges,  various  strategies  have been
proposed,  including  augmenting  LMMs  with  external  tools  and
developing models tailored for specific applications.

 2.1  General-purpose large multimodal models
The  development  of  general-purpose  models  capable  of  handling
diverse  tasks  has  been  a  key  focus  in  artificial  intelligence.  The
success of ChatGPT [7], an LLM based on the generative pre-trained
transformer  architecture,  demonstrated  not  only  its  effectiveness  in
tasks like text generation, summarization, and question answering but
also  underscored  the  potential  path  toward  AGI.  This  inspired
subsequent works such as LLaMA [8,9], ChatGLM [10], and Vicuna
[11], which further advanced LLM capabilities. These advancements
have  paved  the  way  for  extending  LLMs  to  multimodal  settings,

enabling models to process information across diverse modalities like
vision and audio.

In  order  to  equip  LLMs with  visual  capabilities,  researchers  have
proposed  methods  to  align  image  features  with  textual
representations.  Works  like  Flamingo  [12],  GPT-4V  [2],  and
MiniGPT [13] extract image features using encoders such as Vision
Transformers [14] and project them into the textual embedding space
[15],  enabling  tasks  like  image  captioning  [1]  and  visual  reasoning
[16].  Similarly,  VideoChat  [17]  and LLaMA-VID [18]  extend these
capabilities  to  video  inputs,  supporting  tasks  like  video
summarization  and  conversational  analysis.  Beyond  vision,
frameworks  like  AudioPaLM  [19]  and  IMAGEBIND  [20]  integrate
audio  and  other  modalities,  achieving  strong  zero-shot  performance
across diverse domains.

Despite  these  advancements,  general-purpose  models  often
struggle  with  tasks  requiring  fine-grained  visual  perception  or
domain-specific  expertise,  such  as  precise  object  detection  or  text
recognition.  This  limitation  is  particularly  critical  for  applications
like  assistive  technologies  for  visually  impaired  individuals.  Our
method  addresses  this  gap  by  dynamically  integrating  LMMs  with
task-specific  models,  leveraging  their  complementary  strengths  to
achieve robust performance across a wider range of tasks.

 2.2  Large models use multimodal tools
Although  general-purpose  LMMs  have  achieved  remarkable
performance, they tend to underperform in some basic abilities [3,4]
and  struggle  with  improving  through  limited  training  data.
Consequently, another research direction has emerged within the AI
community:  teaching  LLMs  to  utilize  tools  [6,21–23],  such  as
leveraging  external  search  engines  to  access  the  latest  data  [22],
enhancing computational abilities with calculators [6],  incorporating
image  editing  and  generation  models  [24],  and  utilizing  Python

 

 
Fig. 1    An illustration of our method. First, the user’s query is decomposed into visual functions. Then, our proposed model selector determines
whether to use the LMM or a small task-specific model for each function based on the generated descriptions. Finally, the LMM synthesizes the
results from all visual functions to generate the final answer
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interpreters for improved code generation [23].  These external  APIs
and tools significantly enhance the capabilities of LLMs.

These methods typically involve three stages: task decomposition,
model  execution,  and  answer  generation.  Representative  works
include  MM-REACT [25],  Visual  ChatGPT [5],  HuggingGPT [21],
ControLLM  [26],  and  Toolformer  [6].  Task  decomposition  is  often
performed  by  LLMs  such  as  ChatGPT  [7]  and  GPT-4  [2],  which
break down complex tasks into smaller, more manageable subtasks to
identify the necessary tools. For example, HuggingGPT [21] employs
descriptions sourced from the Hugging Face Model Hub as inputs for
ChatGPT [7],  while ControlLLM [26] utilizes a Thoughts-on-Graph
strategy, which explores the optimized solution through a tool graph
capturing tool dependencies and parameters. Then, the selected tools
are employed in the model execution stage. In the final stage, answer
generation,  the  intermediate  results  are  summarized  by  LLMs  to
generate  the  final  response.  Most  of  these  methods  require  fine-
tuning  the  entire  LLM,  which  implies  the  necessity  of  gathering
diverse  data  and conducting multiple  experiments  to  ensure  that  the
LLM evolves  in  the  desired  direction.  In  contrast,  our  method  does
not  require  fine-tuning  the  large  model,  making  it  more  expedient
and  efficient.  Additionally,  our  method  preserves  the  inherent
capabilities of the large model by avoiding fine-tuning.

Besides these methods, LLaVA-Plus [27] most closely aligns with
our  work,  with  both targeting the  enhancement  of  visual  abilities  in
LMMs. However, they differ in how to improve their visual abilities.
LLaVA-Plus [27] is designed to augment the visual capabilities that
an  LMM  lacks,  whereas  our  method  focuses  on  strengthening  the
visual capabilities that the LMMs already possess.  Furthermore, our
approach  does  not  simply  lean  towards  smaller  models  but  chooses
the  model  given  the  current  user  query,  thus  creating  a  synergy
between large and small models.

Beyond  image-based  tasks,  DoraemonGPT  [28]  leverages  LLMs
and task-specific tools for dynamic video understanding. In contrast,
our method focuses on image-based tasks and modularizes the task-
solving  process  by  dynamically  selecting  between  an  LMM  and
smaller  specialized  models.  Recent  studies,  such  as  the  Multiple
Knowledge  Representation  (MKR)  framework  [29],  also  highlight
the  value  of  integrating  diverse  knowledge  sources  to  improve  the
generalization and explainability of AI systems. Neural Architecture
Search (NAS) [30,31] also involves the exploration of different sub-
networks  to  optimize  the  overall  performance,  but  it  does  so  in  a
static  manner.  In  contrast,  our  method  dynamically  integrates  an
LMM with smaller task-specific models during inference.

 2.3  Large models for special usage
In  efforts  to  enhance  the  model’s  capabilities  on  specific  tasks,
significant improvements have been shown through fine-tuning with
instruction-following datasets, as indicated by the studies of [32] and
[33].  Moreover,  Self-Instruct  [34]  demonstrates  that  LLMs  can
improve  their  performance  through  instruction  fine-tuning  on  their
own  generated  data,  thus  reducing  the  need  for  human-written
instructions.  Additionally,  many  works  have  been  dedicated  to
adapting large models for specific fields [35–37]. For instance, Med-
PaLM  [35]  is  trained  on  both  domain-specific  and  general  data,

which  significantly  improves  its  capabilities  in  the  medical  sector
while  maintaining  its  general  proficiency.  Similarly,  Galactica  [36],
after  being  trained  on  millions  of  scientific  data,  has  developed  the
ability to store, combine, and reason about scientific knowledge. All
these  methods  involve  fine-tuning  the  Large  Models  (LMs)  for  a
specific task, which may compromise other capabilities of the LMs.
In  contrast,  our  method  does  not  fine-tune  the  LM  and  also  retains
the original proficiency.

 ■ 3  Method
The LMMs have achieved great  success  in  various tasks,  benefiting
from their comprehensive abilities in perception, understanding, and
reasoning.  Nevertheless,  they  sometimes  fall  short  in  basic  visual
functions  such  as  object  localization  and  counting,  as  shown  in
Fig. 2.  To  address  this  issue,  we  proposed  a  method  to  patch  the
visual  ability  of  LMMs  through  collaboration  with  small  task-
specific  models.  Our  research  is  conducted  in  the  form  of  Visual
Question  Answering  (VQA),  which  is  a  common  task  that  fully
leverages the capabilities of LMMs.

L L
{M1, . . . ,Mn}

Formally,  given a user query qry and a corresponding image img,
our  method  enhances  the  visual  ability  and  answer  quality  of  the
LMM .  Instead  of  using  alone,  we  augment  it  with  a  set  of
smaller models .

L

Φ = {ϕ1, . . . ,ϕn} ϕi

S L
Mi

{F1, . . . ,Fn}

R = {r1, . . . ,rn} L ans

R

As  illustrated  in Fig. 1,  our  method  consists  of  three  parts,
including  query  decomposition,  model  selection  and  execution,  and
answer  generation. Firstly,  given  the  query qry and  the  image img,
the  LMM  is  used  to  decompose  the  capabilities  necessary  for
handling  this  query,  leading  to  one  set  of  visual  functions

. Secondly,  for  each  visual  function ,  a  model
selector  is  trained  to  choose  the  LMM  itself  or  a  small  task-
specific  model  to  execute.  This  process  leads  to  a  group  of
chosen  visual  models ,  and  the  execution  of  these
selected  models  yields  a  set  of  visual  perceptual  results

. Finally,  the  LMM  generates  an  answer  by
using  the  user  query qry,  input  image img,  and  visual  perceptual
results  as  input.  The  subsequent  subsections  provide  a  detailed
description of each component.

 3.1  Query decomposition
In  the  context  of  the  VQA  task,  a  user  query  usually  involves
multiple aspects such as perception, understanding, and reasoning. In
 

 
Fig. 2    An  exemplar  illustration  of  strengths  and  weaknesses  in  various
capabilities between small and large models. The small models perform better
in  the  left  examples,  while  the  large  model  performs  better  in  the  right
examples
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Φ = {ϕ1, . . . ,ϕn}

this work, our focus is on enhancing the visual perception capabilities
of LMMs. Therefore, the first step of our method is to decompose the
query into  a  series  of  visual  functions ,  which will
later be executed in the model selection and execution phase.
 

Φ =L(qry, img; Iqry). (1)
L

Iqry L
Φ ϕi

ϕi

Iqry

As  shown  in  Eq.  (1),  represents  an  LMM  (e.g.,  LLaVA  [1],
GPT4-V  [2]).  To  facilitate  the  query  decomposition  for  subsequent
processing, we design an instruction  that guides  in generating
a  set  of  visual  functions  in  JSON  format.  Each  function 
consists  of  a  name and a  target  description. A specific  example of  a
visual  function  includes  having “Object  Detection” as  the
function name, with the target description being “To locate vehicles
using object detection”. The detailed  used for decomposition is
based on MM-REACT [25] and provided in the Appendix.

 3.2  Visual model selection and execution

ϕi

In this stage, the visual functions should be implemented as specific
models.  The  primary  goal  is  to  identify  the  better  one  of  the  LMM
and the small task-specific model for each visual function .

{M1, . . . ,Mn}

{Mi,L}

S

In  previous  works  such  as  Toolformer  [6]  and  GPT4Tools  [24],
this  phase  is  not  included,  as  there  is  only  one  small  task-specific
model that serves as the candidate for each function, so results from
task  decomposition  can  directly  coordinate  it.  However,  in  our
method,  we  introduce  a  suite  of  small  models  to
patch  the  visual  capabilities  that  the  LMM  may  underperform.
Consequently, this introduces two potential candidates for executing
each  visual  function:  a  model  from  the  suite  or  the  LMM  itself,
represented  as .  Therefore,  a  decision-making  process  is
required to  select  the  more appropriate  model  for  each function.  To
make this selection, we propose a model selector  to choose one of
the large and small  models  depending on their  relative  performance
on this function, formulated as follows:
 

Ns = S(ϕi), (2)
ϕi

S

Ns

[0,1] Fi

ϕi

where  the  input  contains  the  function  name  and  the  target
description. The model selector  is implemented as a simple neural
network, including a pre-trained sentence encoder MiniLM [38] and
several  fully  connected layers.  The output  is  a  real  score within
the  range .  So,  the  final  model  selected  to  implement  the
visual function  is:
 

Fi =

Mi, if Ns ⩾ 0.5,
L, otherwise.

(3)

ri

Once  a  model  has  been  selected,  it  is  executed  to  produce  the
intermediate result  as follows:
 

ri =

Mi(img), if Fi =Mi,

L(img, Iϕi ), otherwise.
(4)

Mi

L Iϕi

ϕi

L Iϕi

During  the  execution  phase,  if  the  small  visual  model  is
chosen,  it  is  directly  operated  using  the  image img as  input.
Conversely,  if  the  LMM  is  selected,  a  tailored  prompt  is
employed to facilitate the execution of the function  via the LMM

. The design of the prompt  is detailed in the Appendix. Finally,

when models for all functions are chosen and executed, we obtain the
final visual perceptual results as below:
 

R = {r1,r2, . . . ,rn}. (5)
The  model  selector  is  optimized  using  a  reinforcement  learning

strategy, which is detailed in Sec. 3.4.

 3.3  Answer generation
L

âns
R

With the visual perceptual results from Eq. (4), the LMM  finally
generates  an  answer  for  the  user  query  by  taking  the  visual
perceptual  results ,  the  image img,  and  the  user’s  query qry as
input:
 

âns =L(img, Ians(qry,R)), (6)
Ians

R
where  an  instruction  is  designed  to  generate  a  user-friendly
answer by converting the user query qry and perceptual results  into
a text prompt. Further details can be found in the Appendix.

 3.4  Model selector optimization with reinforcement learning

S
S
Mi L ϕi

Within  the  entire  pipeline  of  our  method,  the  only  component
requiring optimization is the model selector . For each function, the
model selector  is expected to be able to evaluate the performance
of  the  small  model  and  the  LMM  on  this  function  and
make the optimal choice.

A direct approach to optimizing the model selector is assessing the
performance of these models on one or several datasets with diverse
visual labels. However, given the wide range of visual functions, this
strategy might be time-consuming and labor-intensive. Consequently,
we  instead  leverage  a  question-answering  dataset  and  design  a
question-answering-based  reinforcement  learning  strategy  for
optimizing the model selector.

In reinforcement learning, an agent interacts with the environment,
continuously taking actions, receiving rewards, and optimizing itself.
The  goal  is  to  learn  how  to  take  action  (i.e.,  action  policy)  to
maximize  the  reward  it  can  receive,  which  aligns  closely  with  our
model  selector.  Typically,  the  action  policy  is  modeled  as  a
probability distribution of taking actions given a certain state.

(qry, ans)
Φ = {ϕ1, . . . ,ϕn}

ai

πS ϕi

Similarly, we view our question-answering process as a process of
interaction  between  the  model  selector  (akin  to  the  agent)  and  the
answer generation part (akin to the environment). As shown in Fig. 3,
at  the  beginning of  each simulation in  the  reinforcement  learning,  a
random  question-answer  sample  is  selected.  Then,  the
visual  functions  are  obtained  through  query
decomposition. Following this, the model selector will take action 
according to the policy  for a given visual function . Since there
are  only  two  choices,  the  policy  forms  a  Bernoulli  distribution  as
below:
 

πS(ai,ϕi) =

S(ϕi), if ai means ”useMi”,
1−S(ϕi), if ai means ”use L”.

(7)

L
âns

The actions continue iteratively until all visual functions have been
assigned  a  model  and  executed.  Then,  the  LMM  generates  an
answer . Finally, the generated answer is compared to the ground
truth answer via ChatGPT [7], to generate a score akin to a reward, as
below: 
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Reward(âns,ans,qry) = GPT(âns,ans,qry, Iscore), (8)
ans âns

πS Iscore

where qry and  are the sampled question and answer,  is the
generated answer though policy ,  is the instruction used to
guide ChatGPT [7] in generating scores, which is listed in Appendix.

By  considering  the  model  selector  as  an  agent,  its  optimization
process  is  transformed  into  identifying  the  optimal  policy  in
reinforcement  learning,  which  can  be  obtained  by  maximizing  the
expected value of the received reward:
 

argmax
πS

E
[
Reward(âns,ans,qry)

]
. (9)

π∗S
S

It  is  a  standard  reinforcement  learning  task  where  the  PPO
algorithm  [39]  is  employed  to  find  the  optimal  policy ,  i.e.,  the
optimal parameters of .

 ■ 4  Experiments
To  evaluate  the  effectiveness  of  our  method,  we  conducted
experiments across four VQA datasets. LLaVA-Bench [40] and MM-
VET [41] serve as standard benchmarks, whereas VizWiz-VQA [42]
and  our  own  Blmm  are  designed  to  assess  visual  perception
capabilities in scenarios involving blind users, which emphasize real-
world challenges in visual perception.

In  Sec.  4.1,  we  present  our  evaluation  benchmarks  and  detail  the
training process. Subsequently, in Sec. 4.2, we evaluate our method’s
performance across various datasets by comparing it to other state-of-
the-art (SOTA) methods. Finally, in Sec. 4.3, we conduct an ablation
analysis to verify the effectiveness of our newly proposed modules.

 4.1  Experimental setup
 4.1.1  Datasets
The  LMMs  possess  extensive  capabilities  in  perception,
understanding,  reasoning,  etc.  Therefore,  we  explore  the  impact  of
our  method  on  the  overall  performance  of  LMMs  using  standard
VQA datasets, including LLaVA-Bench [40] and MM-VET [41].

LLaVA-Bench [40] comprises 30 images randomly chosen from the

COCO  validation  dataset,  accompanied  by  90  generated  questions.
The  questions  encompass  conversation,  complex  reasoning,  and
detailed descriptions.

MM-VET [41] is designed to assess the multimodal capabilities of
LMMs,  such  as  solving  mathematical  problems  on  a  blackboard,
which  involves  OCR,  location  identification,  and  calculations.  The
dataset  includes  200  images  and  218  questions,  which  evaluate  six
key vision-language abilities and their integration.

The  two  standard  VQA  datasets  cover  a  wide  range  of  abilities,
including  mathematics,  logic,  and  reasoning,  but  are  not  tailored  to
evaluate specific visual functions. To address this, we introduce two
perception-oriented  datasets  that  better  reflect  performance  across
diverse visual functions.

Vizwiz-VQA [42] dataset is designed to assist the visually impaired,
containing  questions  based  on  real  requests  and  focusing  on  visual
perception challenges. As noted in its description [42], many samples
are unanswerable due to ‘low-quality images and fingers blocking the
camera.’ Even humans cannot extract enough information from these
images  to  answer  the  questions.  This  leads  to  the  dominance  of
language  priors  in  LMMs.  To  mitigate  bias  from  these  priors,  we
removed  unanswerable  samples,  leaving  537  usable  ones  for
evaluation.

Blmm dataset, collected by us, is specifically designed for visually
impaired  individuals,  similar  to  VizWiz,  but  focuses  more  on
assessing  visual  abilities.  The  test  split  contains  195  samples  of
visual  questions and answers,  mainly drawn from real-life scenarios
faced by visually impaired individuals.

 4.1.2  Training details
For the small models, we identified seven types of daily activities in
the  lives  of  visually  impaired  individuals,  resulting  in  the
development  of  13  specialized  visual  functions.  These  visual
functions  are  listed  in Table 1,  while  the  corresponding  small  task-
specific models are provided in the Appendix. Although these visual
functions  may  not  cover  all  aspects  of  the  lives  of  the  visually

 

 
Fig. 3    An illustration of the training process of our question-answering-based reinforcement learning. The model selector operates as an agent,
choosing a model for each function. The final response is then evaluated by ChatGPT, which provides a score. The score serves as the reward for
refining the policy of the model selector
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impaired, they are sufficiently representative to validate our proposed
method. For  the  LMM,  LLaVA-7B  [1]  is  chosen  considering  its
open-source  nature  and  versatile  multimodal  capabilities. For  the
model  selector,  its  architecture  is  established  as  a  sentence  encoder
with  a  384-dimensional  output,  followed  by  three  fully  connected
layers with a hidden dimension of 64, and utilizes a Tanh activation
function. For  the  optimization  of  reinforcement  learning,  the
commonly  used  PPO  algorithm  [39]  is  employed  to  optimize  our
model selector. For the training process, the total number of training
samples is 20,000, with a learning rate of 0.00025 and a batch size of
32. For  evaluation,  the  ChatGPT  [7]  is  exploited  to  compare  the
generated  answer  and  the  ground  truth  answer,  adhering  to  the
standard setting on each dataset. For the training data, we utilized a
mixed  dataset,  including  452  samples  from  the  Blmm  train  split,
3296 samples from the Vizwiz-VQA train split [42], and 100 samples
from the VQA2.0 dataset [43].

 4.2  Comparisons with existing methods
This  subsection  evaluates  the  efficacy  of  our  method  through  a
comparative  analysis  with  recent  methods  across  four  datasets.
LLaVA  [1]  serves  as  the  baseline,  representing  an  independent
LMM.  GPT4Tools  [24]  and  VisGPT [5]  integrate  tools  into  LLMs,
while  ControlLLM  [26]  integrates  multimodal  tools  into  the  large
language  model  LLaMA-7B,  with  LLaVA-7B  also  integrated  as  a

tool. LLaVA-Plus [27] integrates tools into LLaVA-7B, which is the
most  closely  related  to  our  method.  However,  unlike  LLaVA-Plus,
which fine-tunes LLaVA to teach it how to use multimodal tools, our
method  requires  no  fine-tuning  of  LLaVA.  Instead,  we  only  train  a
lightweight  model  selector  that  learns  to  efficiently  choose  between
large  and  small  models.  Several  samples  and  visualized  results  are
presented in the Appendix C.

 4.2.1  Results on LLaVA-Bench and MM-VET

L
M

Firstly, all methods are evaluated using the LLaVA-Bench and MM-
VET  to  investigate  the  comprehensive  capabilities  of  LMMs.  The
comparative results are shown in Table 2. For LLaVA-Plus, we used
the  results  reported  in  their  official  paper;  for  other  methods,  since
they had not been evaluated on these datasets, we used their official
code  for  evaluation.  As  shown  in Table 2,  our  method  significantly
outperforms  the  baseline  model  LLaVA  [1],  with  improvements  of
3.9% on LLaVA-Bench and 7.0% on MM-VET, respectively.  Since
our method shares the same LMM as LLaVA, the performance gain
primarily comes from the introduced small models, highlighting their
effectiveness.  Furthermore,  our  method  surpasses  two  vanilla
baselines:  Ours( )  (which  always  chooses  the  large  model)  and
Ours( ) (which always chooses the small  model).  This superiority
underscores the effectiveness of the model selection strategy learned
through the reinforcement learning algorithm. It is also worth noting

  
Table 1    Overview of daily activities and essential visual functions for the visually impaired

Daily activity Basic visual functions

General Object detection, semantic segmentation, visual grounding, image caption

Working Cash recognition

Reading Optical character recognition

Socialisation Face expression recognition

Recreation Action recognition

Diet Dish recognition, fruit vegetable recognition

Outing Tactilepaving segmentation, traffic light recognition, outdoors semantic segmentation

  
Table 2    Comparative performance of various LMMs on LLaVA-Bench and MM-VET. All methods are based on LLaVA-7B, LLaMA-7B,
or ChatGPT. * indicates that the model does not utilize LMMs

LLaVA-Bench MM-VET

Conv. Detail Reas. All Rec OCR Know Gen Spat Math All

LLaVA 73.6 66.1 76.3 72.5 30.4 13.3 19.2 20.1 18.7 8.1 24.1

LLaVA-Plus − − − − 30.5 23.6 20.5 22.5 28.5 7.7 27.5

CLLM 71.4 66.5 83.9 74.4 20.3 10.2 6.2 7.4 19.2 0.0 16.7

VisGPT* 61.5 40.9 59.3 54.5 21.2 9.0 6.9 6.1 12.8 3.5 17.1

GPT4Tools* 72.6 42.9 82.4 67.0 20.9 8.6 7.2 7.3 15.1 0.0 16.4

LOurs( ) 76.3 72.4 67.0 71.9 28.2 20.2 15.6 14.9 20.5 7.3 25.8

MOurs( ) 72.2 67.1 83.3 74.7 30.2 20.5 11.8 14.4 22.9 7.7 26.7

Ours 77.2 71.5 83.0 76.4 32.1 29.3 20.1 22.4 27.3 15.4 31.1
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that  GPT4Tools  [24]  and  VisGPT  [5],  which  integrate  visual  tools
into  LLMs,  show  marginally  lower  performance.  This  can  be
attributed  to  LLMs’ inherent  lack  of  visual  capabilities,  i.e.,  LLMs
depend on small models to acquire visual information.

 4.2.2  Results on VizWiz and Blmm
Secondly,  all  methods  are  evaluated  on  the  VizWiz  and  Blmm
datasets,  which  specifically  focus  on  assessing  visual  ability.  The
comparative  results  are  shown  in Table 3.  From  these  results,  we
observe  a  similar  conclusion  that  our  method  performs  better  than
those LMMs as well as the vanilla baselines. On these two datasets,
our method achieves larger improvement, 5.6% and 7.8%, compared
to  LLaVA  on  VizWiz  and  Blmm,  respectively.  This  further
demonstrates  that  our  method  can  effectively  enhance  the  visual
abilities of LMMs.

 4.3  Ablation study
 4.3.1  Impact of model selection strategy
To investigate the necessity and effectiveness of the model selection,
we compare the performance of several different strategies for model
selection:  always  selecting  the  large  model,  always  selecting  the
small  model,  randomly  selecting,  and  selecting  using  our  model
selector.  The  results  in Fig. 4 demonstrate  that  our  method
outperforms  other  strategies  in  nearly  every  visual  function,  which
clearly  demonstrates  the  exceptional  performance  of  our  method  on
individual visual functions.

 4.3.2  Correlation between the selection strategy and the
model’s performance
To  identify  whether  the  strategy  employed  by  our  model  selector
accurately represents the utility of large and small models, we show
the  probability  of  using  small  models  generated  by  our  model

 

Table  3    Comparative  performance  of  various  LMMs  on  VizWiz
and  Blmm.  All  methods  are  based  on  LLaVA-7B,  LLaMA-7B,  or
ChatGPT. “OCR” and “Det.” stand  for  Optical  Character
Recognition  and  Object  Detection,  respectively.  These  are  the  most
frequently used visual functions in the VizWiz and Blmm datasets

VizWiz Blmm

OCR Det. All OCR Det. All

LLaVA 71.5 67.0 70.8 54.0 50.8 54.8

LLaVA-Plus 21.5 14.9 21.2 32.1 36.9 37.5

CLLM 43.2 41.8 43.1 42.4 53.1 46.8

VisGPT* 40.8 39.6 39.8 40.8 39.6 39.9

GPT4Tools* 42.9 34.9 42.9 41.0 50.2 47.0

LOurs( ) 72.6 69.4 71.5 51.0 52.7 54.6

MOurs( ) 76.7 73.2 75.7 59.6 59.4 61.7

Ours 78.7 73.9 76.4 59.5 61.7 62.6

 

 
Fig. 4    Ablation  study  on  the  impact  of  various  model  selection  strategies
across  all  utilized  visual  functions  on  the  VizWiz  dataset.  The  LLaVA
establishes  a  baseline.  The  comparison  includes  variants  of  our  method
adopting  distinct  selection  strategies:  always  select  the  large  model,  always
select the small models, randomly select between the large and small models
(random),  and  employ  our  advanced  reinforcement  learning-based  model
selection strategy (selection)

 

 
Fig. 5    Relationship between the model selector’s outcome and the relative performance. The ‘Relative Score’ compares the small models to the
LMM;  a  score  below  0.5  means  the  small  model  performs  better.  The ‘Probability’ reflects  the  chance  of  choosing  the  small  model.  This
demonstrates our model selector’s capability to discern the more effective model. (a) Vizwiz; (b) Blmm
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selector and the relative scores of small models for all utilized basic
visual functions, as shown in Fig. 5. This probability is written as 
in  Eq.  (2).  The  data  reveals  a  positive  correlation  between  the
probability  and  the  scores  of  small  models  relative  to  those  of
large models, demonstrating that our model selector has successfully
learned an effective strategy for model selection.

 ■ 5  Conclusion
To patch the visual ability of large multimodal models in basic visual
functions,  we propose a novel method that  collaborates LMMs with
small  task-specific  models.  Our  method  introduces  an  automatic
decision-making  mechanism  to  determine  when  to  invoke  small
models based on the input query, enabling LMMs to achieve higher
accuracy and efficiency across a wide range of vision-language tasks.
Extensive  experiments  on  established  benchmarks,  including  MM-
Vet,  LLaVA-Bench,  VizWiz,  and  our  custom  Blmm  dataset,
demonstrate  significant  improvements  in  the  visual  capabilities  of
LMMs.  This  collaborative  approach  not  only  mitigates  specific
limitations  of  LMMs  but  also  provides  a  flexible  and  scalable
framework for task-specific optimization. Future work will focus on
deeper  integration  of  LMMs  with  small  models  and  extend  the
application of this method to more dynamic, real-world scenarios.

 ■ Acknowledgements
This  work  was  partially  supported  by  the  National  Natural  Science
Foundation of China (Grant Nos. 62495082 and U2336213).

 ■ Competing interests
Shiguang SHAN is  an Editorial  Board member of  the journal  and a
co-author of this article. To minimize bias, he was excluded from all
editorial decision-making related to the acceptance of this article for
publication. The remaining authors declare no conflict of interest.

 ■ Appendixes
The  Appendices  provide  additional  details  to  support  the  main
content  of  this  paper,  including  (1)  the  specifications  of  the  task-
specific  models  used  in  our  method  for  each  visual  function,  (2)
detailed  textual  instructions  used  in  our  method,  (3)  supplementary
visual  examples  to  illustrate  key results,  (4)  additional  experimental
results  including  inference  speed,  and  (5)  a  comprehensive
description  of  our  Blmm  dataset,  to  further  validate  the  efficiency
and robustness of our method.

Appendix A    Task-specific models employed in our method
Each visual  function corresponds  to  a  small  task-specific  model,  all
of  which  are  detailed  in Table A1.  Our  method  allows  for  the
arbitrary  choice  of  small  models,  including  those  that  are  custom-
made. In this paper, the small models we have chosen are all off-the-
shelf. Next, we introduce each of the small models we used. Links to
the model pages are provided at the end of each paragraph.

DETR-R50 The DETR model [44] (End-to-End Object Detection
with  Transformers),  equipped  with  a  ResNet-50  backbone,  employs
object  queries  to  identify  objects  within  an  image.  This  model  was
trained on the COCO 2017 [56] dataset and the number of queries is
configured to be 100. Model Page

Mask2Former-SwinL By  integrating  multi-scale  deformable
attention  and  masked  attention  mechanisms,  Mask2Former  [45]
effectively  tackles  instance,  semantic,  and  panoptic  segmentation
challenges within a  unified framework.  In  our  study,  we utilize  two
versions  of  the  Mask2Former  model  for  different  scenes:  the  swin-
large  version  trained  on  ADE-20K  [57]  for  Semantic  Segmentation
and  the  Swin-Large  version  trained  on  Mapillary-Vistas  [58]  for
outdoors semantic segmentation.
Model Page (ADE20K),
Model Page (Mapillary Vistas)

swin−T−224−1k
GroundingDINO-SwinT The  GroundingDINO-SwinT  [46]

model,  utilizing  the  backbone,  is  capable  of
performing open-set object detection, enabling it to identify arbitrary
objects based on human descriptions. Model Page

Blip-Image-Caption-Base BLIP  [47]  unifies  the  understanding
and  generation  of  visual  language  tasks,  excelling  across  various
downstream  tasks.  We  specifically  utilize  its  Image  Captioning
functionality. Although BLIP can handle a range of language-vision
tasks, it has only 247 million parameters. Model Page

API  from  Baidu  Brain In  our  research,  we  selected  three  APIs
from  Baidu,  specifically  for  cash  recognition,  dish  recognition,  and
fruit-vegetable recognition. The cash recognition API [48] is capable
of  identifying  a  wide  range  of  commonly  used  modern  currencies,
providing  details  such  as  the  currency  name,  face  value,  and
additional  information.  The  dish  recognition  API  [52]  delivers  the
name of the dish and the confidence level associated with the image’s
analysis.  Meanwhile,  the  fruit  vegetable  recognition  API  [53]
determines the number of fruits and vegetables present and identifies
their respective names. API Page

PaddleOCR PaddleOCR [49]  is  an  open-source  optical  character
recognition (OCR) toolkit developed by PaddlePaddle. We utilize the

 

Table  A1    The  small  task-specific  model  used  for  each  visual
function

Visual function Model name #params

Object detecion DETR-R50 [44] 41M

Semantic segmentation Mask2Former-SwinL [45] 216M

Visual grounding GroundingDINO-SwinT [46] 172M

Image caption Blip-Image-Caption-
Base [47] 247M

Cash recognition API from Baidu Brain [48] −

Optical character recognition PaddleOCR [49] 15.8M

Face expression recognition Vit-Face-Expression [50] 85.8M

Action recognition Human-Action-
Recognition [51] 85.8M

Dish recognition API from Baidu Brain [52] −

Fruit vegitable recognition API from Baidu Brain [53] −

Tactile paving segmentation GRFB-UNet [54] 20.5M

Traffic light recognition PTL-LytNet [55] 2M

Outdoors semantic segmentation Mask2Former-SwinL [45] 216M
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PP-OCRv4 model in our method. Model Page

Vit-Face-Expression The  Vit-Face-Expression  model  has  been

fine-tuned  from  the  ViT-Base  model  specifically  for  the  task  of

recognizing  facial  emotions.  The  training  dataset  is  FER2013  [59]

dataset,  which  comprises  approximately  30,000  images  of  facial

expressions categorized into seven distinct emotions. Model Page

Human-Action-Recognition The  Human  Action  Recognition

model has been fine-tuned from the ViT-Base model specifically for

the  task  of  recognizing  human  actions.  The  training  dataset  [60]

includes 12.6k images,  each assigned to a  single category out  of  15

types of human activities. Model Page

GRFB-UNet The GRFB-UNet [54] merges the UNet with a multi-
 

 
Fig. A1    The detailed instructions used in our method
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scale feature extraction technique known as the group receptive field
block to identify the shape and location of tactile paving. The model
is  trained  on  a  self-constructed  TP  dataset  and  has  20.5  million

parameters. Model Page
PTL-LytNet The PTL-LytNet [55],  a  modification of  MobileNet,

is designed to classify different states of pedestrian traffic lights and
 

 
Fig. A2    An example of our method during testing. The left side depicts the execution process of our method, while the right side demonstrates
the results that would be obtained if alternative models were chosen. The correct and incorrect results are shown in green and red respectively
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the locations of crosswalks.  Even with only 2 million parameters,  it

can accurately perform recognition under various weather conditions.

Model Page

Appendix B    Detailed instructions in our method
We  list  the  detailed  instructions  in Fig. A1,  which  are  utilized  to

direct  the  LMM  in  accomplishing  different  tasks.  The  instruction
 

 
Fig. A3    An example of our method during testing. The left side depicts the execution process of our method, while the right side demonstrates
the results that would be obtained if alternative models were chosen. The correct and incorrect results are shown in green and red respectively
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Iqry

Iϕi

 in  the  Query  Decomposition  phase  is  used  to  decompose  the

user query into basic visual functions through LMM. The instruction

 in the Visual Model Execution phase is used to guide the LMM

Iansto  perform  a  specific  visual  function.  The  instruction  in  the

Answer  Generation  phase  is  used  to  summarize  all  the  perceptual

results  and  generate  an  answer  to  the  user  query.  The  variables
 

 
Fig. A4    An example of our method during testing. The left side depicts the execution process of our method, while the right side demonstrates
the results that would be obtained if alternative models were chosen. The correct and incorrect results are shown in green and red respectively
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wrapped  in  braces  will  be  replaced  based  on  user  input  and
intermediate results.

Appendix C    Additional experimental results
In this section, we present additional experimental results, including
visualized examples from the Blmm and VizWiz datasets, as well as
the inference speed of our method.

Visualized  results: Figures A2 to A4 illustrate  the  execution
process  of  our  method  during  testing.  In  each  figure,  the  left  side
illustrates the workflow of our proposed method, while the right side
showcases  the  results  obtained  using  alternative  model  selection

strategies.  These  examples  show  the  effectiveness  of  our  model
selector.  We  also  provide  a  video  demonstration  in  this link that
shows our method in action.

Figure A5 illustrates  the  responses  of  our  method  compared  to
other  methods  across  multiple  cases.  Our  method  demonstrates
performance  that  surpasses  other  methods.  Due  to  the  lack  of  tool-
using  capabilities,  LLaVA  [1]  sometimes  fails  to  provide  correct
answers. As GPT4Tools [24] utilizes LLaMA [18], which inherently
lacks visual capabilities and the tools are limited in visual capability,
it is unable to answer some questions. LLaVA-Plus [27] might have
compromised the model’s original language capabilities during fine-

 

 
Fig. A5    Some examples of our method and the comparative methods. The correct and incorrect results are shown in green and red respectively
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tuning, leading to some incorrect responses.
Inference  speed: To  evaluate  the  efficiency  of  our  method,  we

conducted experiments on a single RTX 4090 GPU and summarized
the  results  in Table A2.  Our  method’s  inference  latency  is
approximately  equivalent  to  three  calls  to  LLaVA,  making  it
competitive  among  methods  that  utilize  both  large  models  and
external tools.

For comparison, VisGPT directly queries GPT APIs with minimal
delay,  while  GPT4Tools  leverages  LLaMA  and  avoids  processing
image tokens, resulting in lower latency. LLaVA, as a purely vision-
language model without external tools, is the second fastest due to its
single inference process. Methods such as CLLM, LLaVA-Plus, and
ours  involve  both  large  models  and  external  small  models,  which
inherently  increases  latency  due  to  additional  interfaces.  However,
the latency differences among these methods are minimal, reflecting
their similar workflow complexity.

Appendix D    Details of our Blmm dataset
Our  Blmm  dataset  is  specifically  designed  to  address  the  needs  of
visually impaired individuals.  While it  shares some similarities with
VizWiz  [42],  it  places  a  stronger  emphasis  on  evaluating  a  broader
range of visual capabilities. The VizWiz dataset primarily focuses on
four  types  of  questions:  object  detection  and  recognition,  color
recognition,  text  recognition,  and  object  counting.  However,  it  does
not  comprehensively  cover  all  real-world  scenarios  encountered  by
visually  impaired  individuals  and  evaluates  only  a  limited  set  of
visual abilities.

In contrast,  Blmm is  designed to include more complex questions
and  diverse  outdoor  scenes,  making  it  more  challenging  and  better
aligned with real-world needs. Unlike VizWiz, which predominantly
features  simpler  queries  (most  samples  have  single-word  answers),
Blmm emphasizes richer and more varied interactions. Furthermore,
compared  to  general  VQA  benchmarks  such  as  LLaVA-Bench  and
MM-Vet,  Blmm  is  more  tailored  to  the  specific  requirements  of
visually  impaired  users.  LLaVA-Bench  and  MM-Vet  involve
synthetic  or  artificial  images and focus heavily on logical  reasoning
and  detailed  description  tasks,  resulting  in  longer  response  lengths.
However,  these  datasets  are  less  grounded  in  real-world  user  needs
compared to Blmm and VizWiz. For a comprehensive comparison of
these  datasets,  including  their  key  characteristics  and  differences,
please refer to Table A3.

To  accurately  identify  the  needs  of  visually  impaired  individuals,
we  conducted  a  review  of  related  work  and  engaged  in  direct
conversations with 17 visually impaired individuals.  As a result,  we
compiled  a  list  of  six  scenarios:  work,  reading,  socializing,
entertainment,  dining,  and  travel.  The  evaluated  visual  abilities
increased  to  13  types,  such  as  food  recognition,  blind  path
recognition, traffic light recognition, and more.

The  visual  questions  and  answers  in  our  dataset  are  derived  from

scenarios  commonly  faced  by  visually  impaired  individuals  in  their
daily  lives.  For  the  collection  of  images,  we  employed  a  dual
approach, combining both photographs we took ourselves and images
downloaded  from  the  Internet,  to  ensure  diversity  and  breadth.  For
instance, for outdoor activities, we captured numerous photos using a
D455 camera and also sourced some from the Internet. Every image
in  our  dataset  has  been  carefully  examined  to  ensure  it  does  not
contain  any personal  privacy information.  We aimed for  a  balanced
representation  across  different  categories.  Following  the  image
collection,  we  meticulously  crafted  corresponding  questions  and
answers for each image, limiting to no more than two questions per
image.  The  design  of  these  questions  and  answers  was  carefully
tailored  to  align  with  the  communication  patterns  of  visually
impaired individuals, prioritizing clarity and brevity.

The  dataset  comprises  647  question-answer  pairs,  divided  into
training  and  validation  splits.  The  training  split  contains  452
question-answer  pairs,  while  the  validation  split  includes  195  pairs.
The Blmm dataset and evaluation code are released in this link.

■ References 

 [1]     Liu  H,  Li  C,  Li  Y,  Lee  Y  J. Improved  baselines  with  visual
instruction  tuning.  In: Proceedings  of  2024  IEEE/CVF  Conference  on
Computer Vision and Pattern Recognition. 2024, 26296−26306
 [2]     OpenAI,  Achiam  J,  Adler  S,  Agarwal  S,  Ahmad  L,  et  al. GPT-4
technical report. 2023, arXiv preprint arXiv: 2303.08774
 [3]     Yang Z, Li L, Lin K, Wang J, Lin C C, Liu Z, Wang L. The dawn
of  LMMs:  preliminary  explorations  with  GPT-4V  (ision). 2023,  arXiv
preprint arXiv: 2309.17421
 [4]     Liu Y, Li Z, Huang M, Yang B, Yu W, Li C, Yin X C, Liu C L, Jin
L, Bai X. OCRBench: on the hidden mystery of OCR in large multimodal
models. Science China Information Sciences, 2024, 67(12): 220102
 [5]     Wu C, Yin S, Qi W, Wang X, Tang Z, Duan N. Visual ChatGPT:
talking, drawing and editing with visual foundation models. 2023, arXiv
preprint arXiv: 2303.04671
 [6]     Schick T, Dwivedi-Yu J, Dessí R, Raileanu R, Lomeli M, Hambro
E, Zettlemoyer L, Cancedda N, Scialom T. Toolformer: language models
can  teach  themselves  to  use  tools.  In: Proceedings  of  the  37th
International  Conference  on  Neural  Information  Processing  Systems.
2023, 2997

  
Table A2    Inference latency comparison on a single RTX 4090
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